Perfusion, which encompasses the slowest flow in the smallest vasculature, is a crucial component for evaluating applications like tumor treatment and monitoring because it involves the exchange of nutrients between blood and tissue. Measuring perfusion with ultrasound is difficult because tissue motion artifacts, otherwise known as tissue clutter, interfere with the signal from slowly moving blood. Contrast agents have been employed to enhance ultrasound imaging for measuring slower flow [1] . However, apart from adding to the cost, invasiveness, and variability of a procedure, contrast agents are limited by dose and time in the blood stream. Therefore, by addressing the tissue clutter interference problem, ultrasound imaging without contrast agents could enable unlimited real-time measurements of perfusion, which would substantially improve current understanding, monitoring, and diagnosis of vascular diseases and cancers.
The signal from tissue has been variably reported in the literature as being as low as 10-100 times and up to 100dB larger than the signal from blood [2] [3] [4] [5] [6] [7] . Filters are therefore required in conventional ultrasound blood flow imaging to remove the overpowering tissue clutter signal and uncover the signal from blood flow. Apart from the tissue signal being stronger than the blood signal, tissue also moves at lower frequencies or velocities than most blood flow. Therefore, conventional techniques that use standard high pass filters are only sensitive to blood motion that is faster than tissue motion.
For lower blood velocities, conventional high pass filters become less effective because tissue clutter can have Doppler frequencies similar to or even higher than those from slower flow. This results in the tissue clutter signal overlapping with, and overpowering, the signal from lower velocity blood flow. Conventional Doppler methods are therefore limited to blood velocities higher than those of tissue clutter.
Two primary sources of tissue clutter are sonographer hand motion and patient physiological motion. Considering only these sources of clutter, Heimdal et al. estimated theoretical lower bounds on blood velocity estimates at different imaging frequencies with conventional Doppler imaging [4] . Based on this work, it has been long claimed that ultrasound without contrast agents is limited to blood velocities greater than 5mm/s for center frequencies less than 8MHz [1] , [4] . This limitation eliminates sensitivity to small vessels such as capillaries, venules, and 17-32μm diameter arterioles, which have average velocities of 0.33mm/s, 3.3mm/s and 2-4mm/s, respectively [4] , [8] . Perfusion imaging is therefore seemingly impossible with conventional ultrasound methods because perfusion constitutes the slowest blood flow in the capillaries or smallest vasculature.
Conventional high pass filters have been investigated extensively for the purpose of suppressing tissue clutter in Doppler ultrasound imaging. Among the most commonly used are infinite and finite impulse response (IIR and FIR) filters and polynomial regression filters [5] [6] [7] . Each of these filters can be optimized in terms of frequency response parameters for maximal tissue removal and blood flow preservation. Additionally, since short ensemble lengths have made high pass filtering difficult in the past, the development of high frame rate acquisition techniques, including plane wave and plane wave synthetic focusing imaging, have allowed for the implementation of more effective high pass filtering [9] , [10] . However, none of these conventional techniques account for the overlap between the tissue clutter and low velocity blood flow signals. Thus, even a perfectly optimized and sufficiently sampled conventional high pass filter will be unable to preserve slow flow.
Advanced pre-filtering techniques have been proposed to improve signal separation of tissue and slow flow. Among these is the method by Thomas and Hall, expanded upon by Bjaerum and Torp, which involves adaptively modulating the tissue clutter bandwidth to be centered around DC before applying a conventional high pass filter [3] , [11] . This method is useful for conventional Doppler acquisitions with shorter ensemble lengths that can result in a non-zero tissue clutter mean Doppler frequency that interferes with uniform blood flow. However, with the development of the aforementioned high frame rate acquisition techniques, longer ensemble lengths are more easily achieved. With these longer acquisition sequences, the Doppler frequency shift of tissue clutter becomes less of a problem since tissue does not typically move uniformly over long periods of time and will therefore already be centered about DC. Furthermore, due to the spectral broadening of the tissue clutter signal caused by sonographer hand motion and patient physiological motion, even if the tissue clutter signal is modulated to be centered about DC, the bandwidth of the clutter still makes it impossible to separate the blood signal from the tissue clutter signal.
Due to the tissue spectral broadening problem encountered in the frequency domain of the slow-time dimension (i.e., along the ensemble), other methods have been proposed that aim to incorporate time domain and/or spatial dimensional information to better separate tissue clutter from low velocity blood flow [7] , [12] . These methods use singular value decomposition (SVD) or principle/independent component analysis (PCA/ICA) to take advantage of the temporally and spatially coherent nature of tissue compared to the temporally and spatially incoherent nature of blood flow. For example, Gallippi and Trahey proposed a time-domain blind source separation (BSS) technique that used principle or independent component analysis with polynomial regression to adaptively filter out tissue clutter [12] . Demene et al. also proposed an SVD algorithm using plane wave synthetic focusing imaging to incorporate the spatial characteristics of blood and tissue while also benefiting from large slow-time ensemble sizes [7] . Although these methods have improved slow flow measurements with ultrasound, the spectral broadening of the tissue clutter bandwidth is still an issue that ultimately limits the preservation of slow flow signal with the previously proposed methods.
Alternative beamforming methods have also been shown to improve slow flow estimation, including coherent flow power Doppler (CFPD) [13] [14] [15] . CFPD increases sensitivity to slow flow by suppressing thermal noise and clutter [14] , [15] . However, spectral broadening of the tissue clutter signal will still limit estimation of the slowest flow.
In order to address the tissue clutter bandwidth limitation, we previously introduced an initial realization of an adaptive clutter demodulation scheme that reduces the bandwidth of tissue clutter [16] , [17] . Here, we provide a more thorough description of the method and report new results on phantom and in vivo data.
II. THEORY

A. Tissue Clutter and Blood Flow Models
A model for tissue vibration and blood flow has been previously derived by Heimdal and Torp [4] . For the purposes of this paper, we consider a simple realization of their classic model relevant to a single resolution cell. Assuming only stationary tissue is present in the field of view, the resulting Doppler signal at a given spatial location and slow-time point, t, could be represented as the sum of the complex amplitudes of the tissue scatterers,
where A m is the complex amplitude of a single scatterer and M is the total number of tissue scatterers. Since the scatterers are stationary over time, this signal is constant in the time domain and thus a delta function at DC in the frequency domain. Similarly, if only blood were present, the resulting signal at time t could be represented as the sum of complex amplitudes modulated by the velocity term of each scatterer since each blood scatterer is moving at some variable speed,
A n e j ω n (t )t (2) where A n and ω n (t) =
are the amplitude and angular frequency of a single blood scatterer, respectively, and N is the total number of blood scatterers. In the angular frequency equation, c is the speed of sound, v n (t) is the velocity of a single scatterer at time t, θ n is the beam-toflow angle of a single scatterer, ω 0 is the transmit frequency, and T is the time between pulses or the inverse of the pulse repetition frequency (PRF). Since blood scatterers will be moving at some distribution of velocities, this signal would be broad-band and centered about the mean frequency or velocity of the blood scatterers in the frequency domain.
When both stationary tissue and flowing blood are present simultaneously, the signals in (1) and (2) are summed. To complete the model, a thermal noise component is also included in the sum,
Conceptually, for this case, the tissue and flowing blood are well separated in the frequency domain. Tissue clutter is therefore easily removed with conventional techniques. When sonographer hand motion and patient physiological motion are present, the signal will include an additional velocity term that describes the resulting axial motion of both the tissue and blood scatterers,
where ω physio+sono is the angular frequency produced by patient physiological and sonographer hand motion. This motion causes a phase modulation that contributes to the spectral broadening of the tissue clutter bandwidth and causes an overlap between the tissue clutter and blood flow signals in the frequency domain. This spectral broadening makes conventional high pass filtering of the tissue clutter signal difficult when trying to image lower velocity blood flow.
B. Adaptive Clutter Demodulation Model
We propose a method that aims to estimate and correct for the patient physiological and sonographer hand motion in order to remove the added velocity term in (4),
whereω physio+sono is an estimate of the angular frequency produced by patient physiological and sonographer hand motion. By correcting for this motion at each depth through slow-time, we are adaptively demodulating the tissue clutter bandwidth. In doing so, we are ideally left with (3), which, again, can easily be addressed with conventional filters. However, due to non-axial tissue motion and inherent scanner variability, there will also be an amplitude modulation that will further contribute to the spectral broadening of the tissue clutter signal [4] . Amplitude modulation from tissue motion could result from residual axial motion as well as lateral and elevational motion. Looking only at the tissue signal portion of (3) (i.e., (1)), after the described phase demodulation, this amplitude modulation can be simply described by a time dependence of the amplitude term in (1),
To correct for this time dependence of the tissue amplitude, the signal at each time point can be normalized to the amplitude of the envelope or magnitude of the signal at that time point. Additionally, to preserve the power of the original signal, each term can then be multiplied by the power of the envelope of the signal. These operations are summarized in the following equation,
where L is the total number of slow-time points. By applying this correction to the tissue only signal, we remove the time dependence and are ideally left with (1),
However, this operation becomes more complicated when applied to (5) since f norm (t) will reflect amplitude modulation of both tissue and blood and will subsequently also demodulate the blood signal amplitude. Similar to the tissue signal, the blood signal will also exhibit a time dependence of the amplitude term,
Incorporating the amplitude modulated tissue and blood signals into (5), f norm (t) of the phase demodulated signal becomes
By applying (10) to the phase demodulated signal, we are left with a phase and amplitude demodulated signal,
This normalization demodulates all of the signal amplitude, including the blood, which causes the signal to become constant through slow-time.
To avoid demodulating the blood signal amplitude, we can take advantage of the difference in temporal coherence length between tissue and blood. The blood signal has a shorter coherence length so it is possible to apply a median filter to f norm (t) that is large enough to not incorporate changes in blood amplitude while still small enough to capture significant tissue amplitude modulation. In doing so, we can approximate (7) from (10),
where R{x, k} represents the median filter operation on signal x of size k samples. Substituting the median filtered f norm (t) for (10) in (11), tissue amplitude modulation can be removed while blood amplitude modulation is preserved,
We are then left with (3), which, again, can easily be addressed with conventional filters. 
C. Adaptive Clutter Demodulation Implementation
To implement the described phase demodulation, first, we can use a standard 2D autocorrelation method to compute relative displacements between temporally adjacent beamformed radio frequency (RF) lines [18] . Then, similar to approaches used in phase aberration estimation [19] , [20] , absolute displacements relative to the first RF line can be reconstructed by solving the following system of equations in a least square error sense, ⎡
. . .
where d mn represents the relative displacement estimate between time steps m and n (we assume that d mn = −d nm , which is not true for all motion estimators), D l represents absolute displacement at slow-time point l, and L represents the number of samples through slow-time. Since we are using a lag of 1, this computation is the same as taking a cumulative sum of the relative displacements through slowtime. To qualitatively demonstrate the absolute displacement computation, example absolute displacement profiles through slow-time are shown in Fig. 1 superimposed on top of an example RF M-mode image. A shape-preserving piecewise cubic interpolation can then be used to interpolate each RF line through depth from the computed absolute displacement to zero displacement, which is equivalent to adaptively demodulating the slow-time Doppler signal based on the tissue motion. For this method to work, we assume that the tissue is sufficiently bright relative to the blood signal so that only tissue displacement is measured by the 2D autocorrelation [21] .
As described in the previous section, to minimize tissue signal amplitude variation through slow-time while still preserving the power of the signal, each interpolated RF signal through slow-time is normalized to the amplitude of the envelope of the signal divided by the amplitude of the power of the envelope of the signal. This normalization function is described in (12) and is applied to the RF signal through slow-time. In comparison to (11) , because the normalization is applied to the real part of the signal, this phase and amplitude demodulated signal is not constant through slowtime and does not fully demodulate the blood signal. Before this correction is applied, the normalization function is median filtered through slow-time to avoid blood signal amplitude demodulation, as described in the previous section.
To illustrate the methodology, examples of hand motion M-mode data sets before and after adaptive demodulation are shown in Figs. 2a and 2b, respectively. For the same examples, average spectra before and after adaptive demodulation are shown in Fig. 2c .
It is worth noting that, for simplicity, a narrow-band model was used to describe the theory. However, in practice, because we perform corrections in the time domain, the implementation is wide-band. Specifically, despite our narrow-band description, which suggests different adaptive modulation signals for each frequency, in practice, we estimate a single average displacement and amplitude fluctuation and assume they apply equally well to all frequencies.
III. EXPERIMENTS A. Data Acquisition and Beamforming
Channel data from plane wave transmit sequences were acquired using a Verasonics Vantage Ultrasound System (Verasonics, Inc., Kirkland, WA), L12-5 linear array probe, and C5-2 curvilinear array probe. Data were acquired at center frequencies of 7.8MHz and 3.1MHz to end depths of 3cm and 8cm with the L12-5 and C5-2 probes, respectively.
Three different plane wave acquisition methods were used and will be referred to as follows: single plane wave (SPW), plane wave synthetic focusing (PWSF), and multiple plane wave (MPW). For the SPW method, 0 • plane waves were acquired at a PRF of 1kHz. For the PWSF case, plane waves angled between −8 • to 8 • spaced by 2 • were acquired at a PRF of 9kHz. All 9 angles were used to generate a single frame using the method by Montaldo et al., resulting in a final PRF of 1kHz [10] . For the MPW case, 0 • plane waves were acquired at a PRF of 9kHz and 9 consecutive plane waves were summed together after beamforming to generate a single frame, again resulting in a final PRF of 1kHz.
All data sets were beamformed with a Hann apodization on receive, and aperture growth with an F/# of 2 was implemented during beamforming. To obtain a final sampling frequency greater than or equal to 50MHz, RF data were upsampled through depth by an integer number of samples (i.e. 62.5MHz and 50MHz for the data acquired with the L12-5 and C5-2 probes, respectively). Before further processing, a FIR band-pass filter was applied to the beamformed RF data.
All beamforming and signal processing for all studies were done in MATLAB R2014a (The MathWorks, Inc., Natick, MA).
B. Sonographer Hand Motion Phantom Experiment
Six volunteers were recruited for three separate trials to acquire channel data using a quality assurance phantom (CIRS Model 040GSE, Norfolk, Virginia) for 3s using a transmit voltage of 30.7V. For the first trial, the L12-5 probe and PWSF acquisition method were used. The 0 • plane wave acquisitions from this sequence were used to generate SPW data. For the second trial, the L12-5 probe and MPW acquisition method were used. Since the PWSF and MPW methods theoretically improve SNR, trials 1 and 2 were performed to assess signalto-noise ratio (SNR) limitations of the standard SPW method that is used for all other studies in this paper. Additionally, since the PWSF method focuses on transmit while the SPW and MPW methods do not, the effects of transmit beamforming induced spectral broadening were also examined. The third trial used the C5-2 probe and SPW acquisition method. This trial provided an assessment of the algorithm at a lower imaging frequency (3.1MHz), compared to the standard 7.8MHz imaging frequency used for the rest of the studies. For all three trials, the phantom was stationary, so that sonographer hand motion was the only variable causing clutter motion in the acquired data. All four imaging cases are summarized in Table I and labeled as cases 1 through 4. For each imaging case, the center line of each plane wave acquisition was beamformed to generate an M-mode image. The adaptive clutter demodulation scheme was performed on each M-mode image. A median filter of 35 samples (35ms) was used for the amplitude demodulation. Using the same cutoffs as the first band-pass filter, an additional FIR band-pass filter was applied to the RF data through depth. For each subject, full-width bandwidths were computed on averaged power spectra at −60dB before and after adaptive demodulation. The bandwidths were then averaged across subjects. Fig. 2c shows an example half-width bandwidth estimate of the adaptively demodulated average spectrum at −60dB. Additionally, full-width bandwidths were computed relative to the thermal noise floor. For this metric, the mean was subtracted from each signal prior to estimating its power spectrum. For both bandwidth metrics, corresponding velocity estimates in mm/s were computed using v = f * c * 1000
, where f is slow-time frequency in Hz, c is the speed of sound in m/s, and f 0 is the center frequency in Hz.
Additionally, to compare the individual effects of the phase and amplitude demodulation steps, bandwidth values were also computed for data with phase demodulation only and with amplitude demodulation only (using a median filter of 35 samples) for the SPW case from trial 1 (imaging case 2). Furthermore, phase and amplitude demodulation with two additional median filters of size 71 and 141 samples (71ms and 141ms) as well as phase and amplitude demodulation with no median filtering were compared for this case to assess the effects of median filtering on the tissue clutter bandwidth.
C. No Motion Phantom Experiment
To illustrate inherent scanner amplitude variability and to demonstrate the need for the described amplitude demodulation step in the proposed algorithm, we performed a no motion phantom experiment. The L12-5 probe and SPW acquisition method were used to acquire data of the same quality assurance phantom used for the sonographer hand motion experiment using a transmit voltage of 30.7V. For this experiment, a ring stand and probe holder were used to ensure that no sonographer hand motion, patient physiological motion, or blood flow were present. This imaging case is summarized in Table I and labeled as case 5.
The center line of each plane wave acquisition was beamformed to generate an M-mode RF image. Amplitude through slow-time was qualitatively compared between raw RF data, phase demodulated RF data, and phase and amplitude demodulated (with and without median filtering) RF data for two example depths. A 35 sample median filter was used for the median filtered case. Additionally, the power of each signal was computed and compared to ensure that the amplitude demodulation preserves signal power as expected.
D. In Vivo Experiments
Two experiments were performed to assess in vivo feasibility: an arterial occlusion (reactive hyperemia) experiment and a muscle contraction (exercise hyperemia) experiment. Informed written consent in accordance with Vanderbilt University's institutional review board (IRB) was given by two subjects prior to the start of the studies. The first subject was a healthy 35 year old male, and the second subject was a healthy 44 year old male. For both studies, data were acquired at a transmit voltage of 16.1V using the L12-5 probe and SPW method.
For the arterial occlusion experiment, ultrasound data were acquired of the first subject's left gastrocnemius muscle. To prevent the muscle from being compressed against the scanning bed, the subject's left calf was raised slightly and his left foot was secured while lying supine. To ensure continual contact of the probe, hand-held assistance was used in combination with a stationary holder to hold the probe beneath the gastrocnemius muscle. Just above the subject's left knee, a thigh blood pressure cuff (Model CC22, Hokanson, Bellevue, WA) was placed and inflated within 1s to 300mmHg using a rapid cuff inflator (Model E20, Hokanson, Bellevue, WA). To induce arterial occlusion in the calf, the cuff was kept inflated for 5min [22] [23] [24] . Data were acquired for 30s after the 5 minute occlusion. The cuff was rapidly released about 4s into the scan. This imaging case is summarized in Table I and labeled as case 6.
For the muscle contraction experiment, ultrasound data were acquired of the second subject's left tibialis anterior muscle. While lying supine, the subject's left calf was slightly raised and his left foot was secured in a custom-built foot device [25] . A trained sonographer held the probe on the tibialis anterior muscle and data were acquired for 30s. About 8s into the scan the subject was instructed to dorsiflex his left foot to contract and induce perfusion in the tibialis anterior muscle. After 5s the subject relaxed his foot. This imaging case is summarized in Table I and labeled as case 7.
For both in vivo studies, for every 50ms time point, data were broken up into 2s time frames, and each time point was processed separately. Using parallel receive beamforming, full images were formed from each plane wave transmit.
Adaptive clutter demodulation was applied to each in vivo time point. A median filter of 35 samples (35ms) was used for the amplitude demodulation. Using the same cutoffs as the first band-pass filter, an additional FIR band-pass filter was applied to the RF data through depth. Four fourth order Butterworth filtering cases were compared: a 20Hz high pass applied to adaptively demodulated (i.e., both phase and amplitude demodulated) RF data (proposed filter case), a 20Hz high pass applied to phase demodulated RF data (proposed filter case with no amplitude demodulation), a 20Hz high pass applied to normal RF data, and a 50Hz high pass applied to normal RF data. An additional 80Hz high pass case was compared for a single time point of the occlusion data. For each method and signal through slow-time, a mirror reflection of the first 20 points was added to the beginning of the signal before filtering and removed after filtering. Power Doppler images were generated by computing power at each pixel
, where L is the number of slow-time points and s(l) is the slow-time signal at time l. A 5x5 spatial median filter and a 7x1 slow-time median filter were applied to each power Doppler image prior to log scaling.
For each filtering case and time point, the relative change in power from the last time point was measured at each pixel within a muscle region of interest (ROI). Due to large motion artifacts during the cuff release and contraction of the muscle, time points with 5th percentile normalized cross correlation values below 0.995 were not included when measuring the dynamic ranges of the relative median power. For each in vivo study, power Doppler images were scaled to dynamic ranges that qualitatively highlight differences between the filtering methods while maintaining similar noise floors.
Adaptive demodulation with no median filtering and with median filters of size 71 and 141 samples (71ms and 141ms) were also compared for a single time point for each in vivo case to further assess the effects of amplitude demodulation.
E. SNR Comparison
The phantom and in vivo studies could potentially result in different SNRs due to different transmit voltages used for the acquisitions. Additionally, the PWSF and MPW methods will likely result in increased SNR. To quantify potential differences in SNR and its effect on the proposed algorithm, we computed SNR in each case using S N R = ρ (1−ρ) , where ρ is the slow-time RF A-line to A-line normalized cross correlation value [26] . Kernel sizes of 5 and 1.25 wavelengths were used for the normalized cross correlation estimates for the in vivo contraction study and all other studies, respectively. The RF-lines were upsampled to a sampling frequency of 156MHz to improve the quality of the estimate. A sliding window of 1 sample was used to estimate ρ for every pair of RF lines over the first 2s of data from the in vivo and phantom acquisitions. We performed a Fisher transformation, and then averaged the estimates of ρ. We then estimated the SNR after performing the inverse transformation.
F. Simulation Experiment
Using similar methods as Li et al. [15] , a simple simulation experiment was performed to confirm that the proposed technique can preserve slow blood flow in a controlled setting. Field II was used to simulate plane wave channel data of a single vessel using the same parameters as the L12-5 SPW acquisitions (7.8MHz frequency, 3cm end depth, Fig. 3 . Average spectra through depth and across subjects are shown for (a) three beamforming methods, SPW (teal), PWSF (orange), and MPW (purple), before (thick) and after (thin) adaptive demodulation for the data acquired with the L12-5 probe (7.8MHz imaging frequency, imaging cases 1-3) and (b) the SPW beamforming method before (thick) and after (thin) adaptive demodulation for the data acquired with the C5-2 probe (3.1MHz imaging frequency, imaging case 4). A 35 sample median filter was used for the adaptive demodulation for both cases.
TABLE II BANDWIDTHS (BWs) AVERAGED ACROSS SUBJECTS AND CORRESPONDING VELOCITIES AT −60dB BEFORE AND AFTER ADAPTIVE DEMODULATION FOR THE SONOGRAPHER HAND MOTION EXPERIMENT (IMAGING CASES 1-4). STANDARD ERROR OF THE MEAN IS SHOWN IN PARENTHESIS FOR EACH MEASUREMENT
PRF=1kHz) [27] . A single 0.5mm diameter vessel of blood scatterers was centered at a depth of 2cm at 60 • to the beam within a 1.5 by 3cm area of tissue scatterers. To simulate tissue clutter, displacements estimated from one of the hand motion data sets were used to displace the tissue and blood scatterers. One second of data were simulated with blood scatterers moving under laminar flow with maximum velocities of 0.5mm/s, 1mm/s, and 2mm/s. However, because the flow was parabolic, the velocity of most of the simulated blood scatterers was lower than the respective maximum. Tissue and blood scatterers were both generated with a scattering density of 17 scatterers per resolution cell. The simulated signal from blood was scaled to be 40dB lower than the tissue. Thermal noise was added at 0dB relative to the blood signal. Simulated channel data were then beamformed and processed the same way as for the in vivo studies. A fourth order 1Hz high pass Butterworth filter was applied to two different cases: adaptively demodulated RF data (using a 35 sample median filter for the amplitude demodulation) and normal RF data. Several additional filter cutoffs were compared for the 1mm/s case. Power Doppler images were generated and scaled the same way as for the in vivo data.
IV. RESULTS
The following sections present the results from the phantom and in vivo experiments. Section IV-A includes the sonographer hand motion phantom experiment results. The no motion phantom experiment results are presented in Section IV-B. The in vivo results are then shown in Section IV-C followed by the SNR results in Section IV-D. Finally, the simulation experiment results are presented in Section IV-E.
A. Sonographer Hand Motion Phantom Results
For the data acquired with the L12-5 probe (7.8MHz imaging frequency, imaging cases 1-3), adaptive demodulation resulted in average bandwidth estimates below 20Hz at −60dB for all three acquisition methods, allowing for velocities below 1mm/s to potentially be detected, as seen in Fig. 3a and Table II. Table III shows that, for these imaging cases, subsequent blood flow processing would need to provide a gain of at least 25dB above the noise floor to allow for detection of velocities below 1mm/s.
For the data acquired with the C5-2 probe (3.1MHz frequency, imaging case 4), adaptive demodulation resulted in an average bandwidth of 22.0Hz at −60dB, allowing for velocities below 2.71mm/s to potentially be detected, as shown in Fig. 3b and Table II. Table III shows that, for this imaging case, subsequent blood flow processing would need to provide a gain of at least 25dB above the noise floor to allow for detection of velocities below 2mm/s. Fig. 4 and Table IV show the results for the individual effects of phase and amplitude demodulation as well as the effects of median filtering with the amplitude demodulation on the tissue clutter bandwidth for the L12-5 SPW Fig. 4 . Average spectra through depth across subjects are shown for the data acquired with the L12-5 probe and SPW acquisition method (7.8MHz imaging frequency, imaging case 2) for different steps of the adaptive demodulation scheme. The frequency axis is cropped to highlight differences at −60dB. Spectra are shown for baseline (black), after amplitude demodulation (red), after phase demodulation (green), and after phase & amplitude demodulation with median filter sizes of 141 (pink), 71 (purple), 35 (teal), and no median filter (orange). method (7.8MHz imaging frequency, imaging case 2). These results show that with only amplitude demodulation (no phase demodulation), minimal suppression of the bandwidth is seen (175Hz suppressed to 168Hz). Phase demodulation alone suppresses the bandwidth pretty well. At −60dB, phase demodulation (no amplitude demodulation) resulted in a fullwidth bandwidth of 35.8Hz (1.76mm/s). The combination of phase and amplitude demodulation further improved the bandwidth suppression, with smaller median filter sizes resulting in increased suppression. Phase and amplitude demodulation with no median filtering decreased the bandwidth to 4.78Hz (0.24mm/s), while phase and amplitude demodulation with 35 sample median filtering decreased the bandwidth to 10.5Hz (0.52mm/s). Although no median filtering produced the best results in terms of tissue clutter bandwidth suppression, it would also suppress the blood signal in a realistic application, as described in Section II-B.
B. No Motion Phantom Results
For the no motion phantom case, amplitude at single depths through slow-time are shown in Figs. 5a and 5b for the baseline RF data, phase demodulated RF data, and phase and amplitude demodulated RF data (with and without median filtering). Based on these results, since no added motion is present, it is clear that amplitude modulation can result from inherent scanner variation. From the two example depths from the same data set shown in Fig. 5 , large variable trends in amplitude modulation are present in the baseline data. Amplitude decreases through slow-time in Fig. 5a while it increases through slow-time in Fig. 5b . For both example depths, phase demodulation is able to correct for this larger bias, while amplitude demodulation is able to correct for additional smaller variations in amplitude, as seen in Figs. 5a and 5b. Additionally, both phase and amplitude demodulation preserve the power of the baseline signal as seen in the power estimates shown next to corresponding labels in Fig. 5 .
C. In Vivo Results
Figs. 6a and 7a show that the proposed filter case resulted in a larger dynamic range within the muscle compared to the case with no amplitude demodulation and the two conventional filters for both in vivo studies. For the occlusion study, dynamic ranges between the highest and lowest blood flow time points were 4.73dB, 1.79dB, 2.1dB and 0.15dB for the proposed, proposed with no amplitude demodulation, 20Hz conventional, and 50Hz conventional filters, respectively. For the contraction study, dynamic ranges between the highest and lowest blood flow time points were 4.80dB, 0.91dB, 1.95dB and 0.16dB for the proposed, the proposed with no amplitude demodulation, 20Hz conventional, and 50Hz conventional filters, respectively.
Figs. 6b and 7b further support these results qualitatively. Compared to the case with no amplitude demodulation and the conventional filter cases, the proposed filter case shows larger differences between the time points during occlusion and before contraction (2s and 5s) and the time points after occlusion and contraction (8, 22 , and 30s for the occlusion case and 7 and 26s for the contraction case). Additionally, the case with no amplitude demodulation and the conventional filter cases show structure that is strongly correlated to structure seen in the B-mode images, whereas the proposed filter cases exhibit more independent structure, especially within the muscle ROI (between 0.5 and 1cm depths).
Time points between 4.55s and 6.95s were excluded when determining the axis in Fig. 6a and the scaling of the images in Fig. 6b . Time points between 7.7s and 15.65s were excluded when determining the axis in Fig. 7a and the scaling of the images in Fig. 7b . Excluded time points had 5th percentile normalized cross correlation values below 0.995. Fig. 8 shows power Doppler images for different amplitude demodulation methods. Images are shown for the 22s and 17s time points of the arterial occlusion and muscle contraction studies, respectively, at which we expect to see increased perfusion within the muscle. Increasing the size of the median filter used during amplitude demodulation increases the amount of B-mode structure seen in the power Doppler image, with the most B-mode structure seen when no amplitude demodulation is employed. Decreasing the size of the median filter appears to suppress the blood signal, but not completely. These trends support the results from the hand motion study which showed increased suppression of the tissue clutter with decreased median filter sizes used for the amplitude demodulation. These results also suggest that amplitude demodulation is able to suppress tissue clutter while still preserving blood flow. Fig. 9 shows larger views of the B-mode and power Doppler images before and after adaptive demodulation for the 22s time point of the in vivo occlusion scan. The normal B-Mode, normal power Doppler, and adaptively demodulated power Doppler images are the same as seen in Fig. 6b for the 22s time point B-mode, 20Hz high pass, and proposed rows, respectively. The adaptively demodulated B-mode image is included in Fig. 9 to show that the proposed phase and amplitude demodulation preserves B-mode structure. It also reveals new, independent power Doppler structure. This result therefore provides further evidence that power Doppler with adaptive demodulation suppresses tissue clutter while conserving blood signal compared to the conventional case, which has structure strongly correlated to the B-mode image. This observation is also supported quantitatively with normalized cross correlation values of 0.4743 and -0.0096 between the adaptively demodulated B-mode image and the conventional and adaptively demodulated power Doppler images, respectively. Fig. 10 shows power Doppler images with various dynamic ranges for the 22s time point of the occlusion scan for the proposed filter and conventional filter with different frequency cutoffs. Regardless of cutoff value, the conventional filter cases fail to resolve any of the independent structure within the muscle that is seen in the proposed filter case.
D. SNR Results
SNR values for the hand motion data acquisitions were computed to be 37.7dB, 45.3dB, and 46.4dB, for the SPW, PWSF, and MPW sequences, respectively. For the in vivo data, SNR was computed to be 36.8dB and 40.9dB, for the occlusion and contraction studies, respectively. Fig. 11 demonstrates that, compared to conventional power Doppler, the proposed technique can suppress tissue clutter while preserving slow flow. The vessel is clearly seen in Fig. 11b for 1mm/s and 2mm/s peak velocities, while tissue clutter dominates in Fig. 11a for the same speeds. The 0.5mm/s adaptively demodulated case is less prominent, but still shows more flow than the normal power Doppler image for that speed. Fig. 12 shows normal and adaptively demodulated power Doppler images side-by-side for cutoff values between 0.1 and 5Hz (to detect flow above 0.01 and 0.5mm/s, respectively) and for dynamic ranges between 5 and 15dB. Regardless of clutter filter cutoff or dynamic range, no flow is visible with the conventional method.
E. Simulation Results
V. DISCUSSION
The sonographer hand motion bandwidth results demonstrate that adaptive demodulation can isolate slow flow velocities from tissue clutter at relative blood signals at least 60dB lower than the tissue. Others have reported the amplitudes of blood signals as being up to 100dB lower than tissue clutter [3] . For our current system, the signal to noise limit is reached around 80dB below tissue after adaptive demodulation. The PWSF and MPW sequence modifications used for the hand motion studies both improve SNR and lower the noise floor by about 10dB (as seen in Fig. 3a) . However, the MPW case did not result in improved bandwidth suppression at −60dB, and we only saw a minor improvement with the PWSF sequence (as seen in Table II ). Since the PWSF sequence also improves resolution and image quality, the improvement seen with PWSF, although small, is not negligible and is likely due to decreased intrinsic spectral broadening resulting from the transmit beam shape. Since the SPW and MPW methods have lower resolution due to unfocused transmit beams, intrinsic spectral broadening will result from geometrical focal broadening during receive beamforming, resulting in larger bandwidths of the tissue clutter [28] . This suggests that intrinsic spectral broadening is a more immediate limitation of the method compared to SNR. Apart from sequence modifications, higher transmit voltage also improves SNR. However, the use of a higher transmit voltage (30.7V) for the hand motion phantom SPW study did not result in a substantially higher SNR value compared to the in vivo studies, which used the same acquisition sequence using only half the transmit voltage (16.1V) . This is likely due to the the phantom and in vivo data being acquired on different media. However, this further suggests that SNR is not a significant direct limitation of the method.
The stationary phantom experiment illustrated the presence of signal amplitude modulation through slow-time even when no blood flow, hand motion, or patient physiological motion is present. The results from this experiment demonstrate the need for an amplitude demodulation step to more completely suppress the tissue clutter bandwidth. In principle, the amplitude demodulation method proposed would also affect the blood signal amplitude. Median filtering of the amplitude demodulation function was therefore proposed in an attempt to ensure that tissue signal is the primary contributor to the amplitude modulation estimate. Ideally, the median filter should be long enough to avoid suppression of the blood signal and short enough to allow for maximal tissue clutter suppression. For example, if blood flows outside of a given pixel faster than the acquisition rate (i.e. blood is incoherent between consecutive acquisitions), small median filter sizes would suffice. Although little is known about the coherence length of slow flow, it is plausible that when imaging slow flow, the blood signal will be coherent across a longer time than with fast flow. Therefore, larger filter sizes would be required to ensure the blood signal amplitude is not demodulated. A median filter of 35 samples was used for the experiments in this paper. Additionally, the effects of increasing the filter size on tissue clutter bandwidth and qualitative power Doppler images were assessed. Future work will aim to confirm optimal, applicationspecific filter sizes.
Expected reactive and exercise hyperemia behaviors are well characterized, which provided reasonable standards for evaluating our algorithm in applicable clinical settings. Although the in vivo results presented in this paper are preliminary, both the arterial occlusion and contraction studies are consistent with previous findings of perfusion and blood-oxygen-leveldependent (BOLD) MRI characteristics under these conditions. For the arterial occlusion study, Lebon et al. and Englund et al. both showed time to peak perfusion times between 15 and 20s after arterial occlusion in the calf muscle, which agrees with the results shown in Fig. 6a [29] , [30] . For the adaptively demodulated data with a 20Hz high pass filter (proposed filter method), the peak blood flow time point occurs at about 22s, which is about 18s after the cuff was released (cuff was released at about 4s), as seen in Fig. 6a . Similarly for the contraction study, Towse et al. showed that peak BOLD signal intensity occurs between 5-7s post-muscle contraction, which correlates with the results shown in Fig. 7a [25] , [31] . In Fig. 7a , the proposed filter method resulted in peak power at about 17s which is approximately 5s post-contraction (last contraction time point occurs at about 12s). It is also important to note that the median power Doppler values in both Figs. 6a and 7a are referenced to the last time point for each case. We therefore expected to see power Doppler values below or at least at zero during occlusion and before contraction, assuming there should be increased perfusion post-occlusion and post-contraction, which was not the case. However, results found in the literature show similar trends in perfusion values, with post-occlusion and postcontraction values even decreasing to values below those during occlusion and before contraction after reaching peak perfusion [25] , [29] , [30] .
Although the in vivo studies involved changes in blood flow and are supported by similar findings in the literature, neither study definitively proved that the proposed technique is able to suppress tissue clutter while also preserving slow flow. The simulation results address this and are consistent with other experiments in the literature for testing slow flow detection [14] , [15] . The simulation results confirm that the technique can preserve slow flow in addition to suppressing tissue clutter.
Finally, our results indicate that previous limits on blood flow estimation with ultrasound are not fundamental and are conservative [4] . The true fundamental limit remains an open question.
VI. CONCLUSION
Due to spectral broadening caused by patient and sonographer hand motion, conventional Doppler methods are limited to blood flow above 5-10mm/s for clinical imaging frequencies, which eliminates sensitivity to slow flow or perfusion [4] . To address this, we introduced an adaptive clutter demodulation scheme that suppresses the bandwidth of tissue clutter while still preserving signal from slow blood flow. The proposed algorithm was developed and assessed by way of phantom and in vivo studies. The approach was shown to successfully reduce hand motion spectrum bandwidths, potentially allowing for the detection of blood velocities well below assumed theoretical limits. Additionally, the proposed filter resulted in a higher dynamic range between the lowest and highest blood flow time points compared to conventional filters for both in vivo studies. Furthermore, both in vivo studies resulted in peak blood flow time points that supported previous findings.
